This paper investigates an on-demand spatial service broker for suggesting service provider propositions and the corresponding estimated waiting times to mobile consumers while meeting the consumer's maximum travel distance and waiting time constraints. The goal of the broker is to maximize the number of matched requests while also keeping the "ecosystem" functioning by engaging many service providers and balancing their assigned requests to provide them with incentives to stay in the system. This problem is important because of its many related societal applications in the ondemand and sharing economy (e.g. on-demand ride hailing services, on-demand food delivery, etc). Challenges of this problem include the need to satisfy many conflicting requirements for the broker, consumers and service providers and the high computational complexity for a large number of consumers and service providers. Related work in spatial crowdsourcing and ridesharing has mainly focused on maximizing the number of matched requests and minimizing travel cost, but did not consider the importance of engaging more service providers and balancing their assignments, which could become a priority when the available supply exceeds the demand. In this work, we propose a new category of service provider centric heuristics for meeting these conflicting requirements. We evaluated our algorithms using synthetic datasets with real-world characteristics. Experimental results show that our proposed heuristics can achieve a larger number of matched requests when supply and demand are balanced. They also engage a larger number of service providers with a more balanced provider assignment when the available supply greatly exceeds demand.
INTRODUCTION
The increasing proliferation of mobile technologies such as smart phones has led to non-traditional business models and the appearance of new marketplaces as evidenced by the emerging on-demand and sharing economy. Today, the on-demand economy attracts millions of consumers annually and over $50 billion in spending [5] . Success stories include many on-demand ride hailing services; food delivery services such as Instacart [8] ; and other types of on-demand services such as bike rental (e.g. Spinlister [13] ), home services (e.g. TaskRabbit [15] ) and beauty services (e.g. StyleBee [14] ), etc. These new marketplaces benefit consumers by increasing their access to services while reducing investment costs in resources and infrastructure (e.g. road and parking space) and other societal costs (e.g. greenhouse gas emissions, fuel consumption). These benefits result from the collaborative consumption nature of these systems as well as the centralized management of resources which allows meeting larger demand from consumers through efficient management of the available supply.
In this paper we investigate an on-demand spatial service broker for identifying commerce opportunities between mobile consumers on the road and registered service providers (e.g. restaurants, grocery stores, hair salons, etc). Given a set of service providers defined by their locations and service rates, a set of dynamically arriving consumer service requests and a number of required propositions K, the ondemand spatial service broker matches each consumer request to K service provider propositions and presents the corresponding estimated waiting time for each proposition. In this context, a spatial service refers to a category of services where the locations of consumers and service providers are critical in the matching process since consumers need to drive or walk to get the service. The service provider propositions assigned to a consumer must meet consumer constraints such as maximum acceptable travel distance and maximum time before service, while not violating the providers' service rate constraints. The goal of the broker is to maximize the number of matched requests. In addition, the broker has to keep the the "eco-system" functioning by engaging as many service providers as possible and balancing the matched requests among them. For instance, in an ondemand ride hailing service, service providers (i.e., drivers) that are consistently not assigned any rides may eventually decide to leave the system or switch to another broker resulting in overall service degradation. The importance of this balance increases and becomes a high priority during periods of unbalanced supply and demand, particularly when the available supply greatly exceeds demand and engaging many service providers becomes more challenging. Challenges: Designing an on-demand spatial service broker is challenging for the following reasons: First, the broker needs to satisfy many conflicting requirements. For instance, the broker aims to maximize the number of matched requests for maximizing its profit while simultaneously keeping the eco-system functioning by balancing the assignments among service providers. Moreover, the broker needs to satisfy the conflicting requirements of consumers (e.g. minimize their travel costs and wait times) and service providers (e.g. maximize the number of each provider's assigned requests). Second, the relationship between available supply and demand in on-demand business models, as depicted by the supply-demand ratio, exhibits spatio-temporal heterogeneity. Hence, a matching strategy that works well for a given time and/or location may not work as well for other times or locations with different supply-demand ratios. Third, given a number of consumer requests and a list of candidate propositions that satisfy the constraints of each request, finding the set of K-propositions that maximize the number of matched requests is an NP-hard problem. Related Work and their Limitations: The related work for this problem falls into two categories. The first category is spatial crowdsourcing [11, 10, 6, 16] . In a spatial crowdsourcing system with a central server, the server dynamically receives information about available tasks as well as requests from workers who are ready to work. Each worker specifies his constraints such as the region in which he can accept tasks and the maximum number of tasks he is willing to perform. The server then assigns the tasks to the workers with the goal of maximizing the number of assigned tasks. In addition, the server tries to minimize the distance traveled by the workers by giving a higher priority to task-worker assignments with the "Least Travel Cost". In [11] , another idea was proposed for prioritizing the tasks to be assigned, namely, the "Least Location Entropy Priority". In this method, the entropy of each task location is computed based on the number of worker visits to that location. Tasks with lower entropy indicate fewer consumer visits (i.e. tasks in worker-sparse areas) and are given higher priority since tasks in areas with higher worker densities are more likely to be assigned in the future. This allows the broker to maximize the number of tasks assigned in the future when more workers arrive. The second category of related work is online ridesharing systems [7, 4, 12, 2] in which trip requests are dynamically matched to vehicles while satisfying the waiting and service time constraints of the passenger and the maximum detour distance specified by the drivers. In these systems, an incoming trip request is matched to the vehicle that adds the "Least Travel Cost".
The related work discussed above has mainly focused on maximizing the number of matched requests (or tasks) and minimizing the total travel time. These works do not consider the need to keep the eco-system functioning by maximizing the number of engaged service providers (aka workers in spatial crowdsourcing systems or drivers in ridesharing systems) and balancing their assigned requests. In our work, we propose several service provider-centric heuristics and we show that the proposed heuristics can engage more service providers and achieve a better balance for the assigned requests among them. Contributions: This paper makes the following contributions: (1) We formally define the problem of On-demand Spatial Service Propositions. (2) We propose a new category of service provider-centric heuristics for increasing the number of engaged service providers while meeting the conflicting requirements of the broker, consumers and service providers. (3) We evaluated our heuristics using synthetic datasets with real-world characteristics. Results show that our proposed heuristics can achieve a larger number of matched requests for balanced supply and demand scenarios and a larger number of matched service providers with a more balanced provider assignment particularly when the available supply exceeds demand. Scope: This paper focuses on the problem of designing an on-demand spatial service broker that matches incoming consumer requests with service provider propositions while satisfying consumer and supply constraints and keeping the eco-system alive. However, learning consumer preferences for different service providers (e.g. preferred stores, meals, or cuisines) and incorporating them into the matching algorithm is considered outside the scope of this paper. We also assume that the broker and service providers are driven by the number of matched service requests (i.e. transactions) which is a proxy for their profit and that profits are fixed for all service requests. Additionally, this paper does not model the temporal evolution in the behavior of consumers and service providers which may be critical to the robustness and survivability of the eco-system.
PROBLEM DEFINITION
The problem of On-demand Spatial Service Propositions (OSSP) can be expressed as follows: Given: 1. A set of service providers. Each provider p is defined using its location latitude and longitude coordinates (p lat , p long ) and a time series representing the service rate per hour of this provider for a typical day. 2. A set R of consumer requests arriving dynamically. Each request ri ∈ R specifies the consumer current location li, maximum acceptable travel distance di, and maximum acceptable waiting time before service wi. 3. A number of required propositions K 4. A timeout interval length ttimeout Find: K service provider propositions and the corresponding estimated waiting times for each ri ∈ R Objective: Maximize the number of matched requests Constraints: 1. Service provider propositions matched to a consumer request should satisfy the consumer's maximum acceptable waiting time before service constraint and the maximum acceptable travel distance constraint. 2. Propositions from each service provider should not violate the provider's service rate.
In this problem, for each consumer request, the broker finds K service propositions which satisfy the consumer maximum travel distance and waiting time constraints and returns them to the consumer with their corresponding estimated waiting times. The estimated waiting time includes both the time spent driving and the waiting time at the service provider. If no K propositions satisfying the consumer constraints were found, the consumer request is not matched. The fourth input is a timeout interval length ttimeout. After a consumer receives K service provider propositions, he/she needs to select a proposition within ttimeout to guarantee the estimated waiting times presented. While matching consumer requests, the broker has to also respect the service rate constraint for each service provider.
Other considerations: The main objective of the broker is to maximize the number of matched requests in order to increase the number of transactions and maximize profits. In addition, the broker has two secondary objectives: First, the broker aims to match as many service providers as possible and to balance their assigned requests as evenly as possible. This objective ties to the application domain requirement of keeping the "eco-system" functioning by incentivizing providers to stay in the system. Second, responses to consumer requests need to be provided in real-time due to the nature of on-demand services.
Problem Example: Figure 1 shows an example input for the OSSP problem. The weights shown on the edges of the road network refer to the travel distance (in miles) along the edge. Two service providers P1 and P2 are located at nodes C and D respectively. Each service provider is assumed to have a service rate of 12 requests/hr for the current hour, which corresponds to a mean service time of 5 min. For simplicity, the number of required propositions (K) is set to 1 and the timeout interval length is also set to 1 min. At the first time instant (t=0), a consumer C1, located at node A, submits a request to the broker to receive service propositions. At t=1, consumer C2 submits a request at node F . The maximum acceptable travel distance and maximum acceptable waiting time before service constraints for each consumer request are 3 miles and 10 min respectively.
Since the mean service time per request for both providers is 5 min and each consumer can wait up to 10 min, we can see that both service providers meet the maximum acceptable waiting time constraints for both consumers. Similarly, P1 is located at a distance of 2 miles from each consumer, while P2 is located at a distance of 3 miles. Therefore, both providers also satisfy the maximum travel distance constraints of both C1 and C2. Table 1 shows three possible output solutions for this input. In the first row, consumer C1 is assigned to provider P1 at time t=0. At t=1, C2 arrives and is also assigned to P1. This solution results in a total of two matched requests, with only one service provider being matched. The total travel cost is 4 miles. The second row shows another possible solution where both consumers are assigned to the second service provider, resulting in a similar number of matched requests and matched service providers, but with a higher travel cost (i.e., 6). Finally, the third row shows a solution where C1 is assigned to P1. Then at t=1, C2 is assigned to P2. This solution results in both providers being matched with a total travel cost of 5.
The first row solution is what we get when we apply the "Least Travel Cost" heuristic to this problem, since each consumer is assigned to the nearest service provider that satisfies his constraints. Applying the "Least Location Entropy Priority" strategy means that consumers in provider-sparse areas are given higher priorities. For this example, each consumer has two service providers, P1 and P2, in his neighborhood since both providers fall within the consumer's maximum acceptable travel distance. Hence, the location entropy of each consumer is equal to )] = 1. However, since for this example, only one consumer is available at every time instant, this entropy will not be used for prioritizing consumers and thus each consumer can end up being assigned to any of the two providers. Consequently, for this example, the least location entropy priority can lead to any of the three outputs presented in Table 1 . Thus, we can see that both the "Least Travel Cost" and "Least Location Entropy Priority" discussed in related work are consumer or broker-centric; they do not aim to increase provider engagement or balance providers' assignments.
For a set of consumer requests arriving at time t, and a set of service providers satisfying the travel distance and waiting time constraints of these consumers, identifying the set of K propositions for each consumer that maximizes the number of matched consumers is a challenging problem since a broker could receive a large number of requests with a large number of candidate providers for each request. In [3] , we showed this OSSPt problem (i.e. the OSSP problem for every time instant t) to be NP-hard by reduction from the maximum 3-dimensional matching problem. The proof is eliminated here due to space limitations.
PROPOSED APPROACH
Since solving the On-demand Spatial Service Propositions problem at every time instant is NP-hard, as shown in [3] , we propose several heuristics (presented next in this section) for efficiently matching consumer requests to service providers in real-time. Each heuristic is applied using a greedy approach whose outline is shown in Algorithm 1. The algorithm starts by finding a set of candidate propositions for each available consumer request (lines 1 to 4). To efficiently identify the candidates for a consumer, we use a spatial grid index for the locations of all service providers. Using this index, we retrieve all grid cells within the maximum acceptable travel distance of a consumer. We then run Dijkstra's shortest path algorithm for one time to calculate the distances from this consumer to all the retrieved service providers. If a provider's next available service time satisfies the consumer's maximum acceptable waiting, the provider is added as a candidate proposition for that consumer. In lines 5 to 10 each candidate proposition gets a score that is calculated based on one of the proposed heuristics. Then, a priority queue stores the candidate propositions in the order of their scores. Finally, lines 11 to 18 iterate through each consumer request, and select the first K propositions from its priority queue that satisfy his maximum acceptable waiting time constraint. The waiting time constraint is rechecked at line 12 since the next available service time of a provider in a candidate proposition may violate the consumer's wait time constraint if that provider has been already matched to another consumer. Once a consumer is matched to K propositions, the next available service time for the providers of these propositions is updated based on the providers' current service rates to reserve the service time. The algorithm then returns the set of matched propositions for all matched consumers.
Next, we describe our two proposed service providercentric heuristics, namely, the "Least Accepted First" and "Least Appearance as Candidate First" heuristics: Least Accepted First (LAF): This heuristic aims to increase the number of service providers matched by the broker. This is achieved by giving higher priority to the service providers that have received the fewest number of acceptances by consumers so far. Hence, each proposition from a provider is assigned a score equal to the number of accepted requests from that provider. Then, when matching a consumer request, candidate propositions from this consumer are sorted in increasing order of their assigned scores, allowing service providers who have fewer prior acceptances to be matched first. For instance, consider the input shown in Figure 1 , where each of the providers P1 and P2 has a service rate of 12 requests/hr (i.e., 5 min/request) and each consumer has a maximum acceptable travel distance and waiting time of 3 miles and 10 min respectively. At t=0, consumer C1 can be matched to either P1 or P2 since both satisfy his travel distance and waiting time constraints. Suppose C1 is matched to P1. C1 will need to accept the proposition before its timeout at t=1. Since K is set to 1, P1 is the only proposed service provider to C1 and thus we can simply assume that C1 accepts this service provider proposition. At t=1, the request of C2 arrives and again both P1 and P1 are considered as candidate propositions. However, since P1 has already been accepted by C1, its score is set to 1, while P2 has never been accepted before, making its score equal to zero. Thus P2 will be given a higher priority and C2 will be matched to P2. Therefore, using LAF, we get the solution shown in the last row of Table 1 , which has the largest number of matched providers. Least Appearance As Candidate First (LCF): This heuristic also aims to increase the number of matched service providers. However, instead of prioritizing service providers with the fewest number of previous acceptances, the LCF heuristic gives a higher priority to providers that have been least considered as a candidate proposition by consumers. A service provider is considered as a candidate proposition if it lies within the maximum acceptable travel distance of a consumer and its next available service time satisfies the consumer's maximum acceptable waiting time before service. Hence, the intuition behind LCF is to favor service providers in regions with fewer originating requests (since these providers have a smaller probability of being matched to consumers) and to also favor service providers with longer service times since such providers are more likely to have difficulty meeting the maximum acceptable waiting time constraints of many consumers and thus have a smaller probability of being matched. Hence, when using LCF, each service provider proposition is assigned a score equal to the number of appearances of this service provider as a candidate proposition. Then, propositions are sorted in increasing order of their scores, allowing service providers with fewest appearances as a candidate to be matched first.
EXPERIMENTAL EVALUATION
The goal of our experiments was to evaluate the performance of the proposed heuristics compared to the related work under different variations of the supply-demand ratio. We tested four heuristics: (a) Least Travel Cost (LTC), (b) Least Location Entropy Priority (LLEP), (c) Least Accepted First (LAF), and (d) Least Appearance As Candidate First (LCF). A grid index was used to divide the spatial region into grid cells for calculating the location entropy. Consumers in the same grid cell of a provider were considered to be in the neighborhood of that provider.
Discrete-Event Simulation Framework
We simulate the interactions between arriving consumer requests and the on-demand spatial service broker using a discrete-event simulation framework [9] . The simulation starts by initializing a simulation clock. A priority queue stores the simulation events in the order of their arrival times. All consumer arrival events are generated and stored in the queue. Each event carries the arrival time of the consumer's request, maximum acceptable travel distance and maximum acceptable time before service. The queue also carries another type of event, namely, proposition acceptance events when a user accepts a service provider proposition from among the propositions suggested by the broker. The simulation loop then starts and continues until the queue is empty. For each iteration, the simulation dequeues all proposition acceptance and consumer arrival events with arrival times before or at the current clock reading. Proposition acceptance events are handled first. For each of these events, the next available service time of all the consumer's unaccepted prepositions is updated to release the service time units reserved for that consumer. Then, the heuristic-based greedy algorithm (presented in Section 3) is called for matching the available consumer requests to service providers. For every matched request, a corresponding acceptance event is then added into the queue to simulate a consumer accepting a suggested proposition. The time of the event is set to a randomly selected time between 0 and ttimeout and the accepted proposition is also randomly chosen from the K propositions matched to that consumer. Finally, the simulation performance metrics are updated and the clock is advanced to the next time instant.
Experimental Design and Dataset
We generated synthetic datasets with real-world characteristics as captured by real service provider locations and the use of real-world population data in the city of Minneapolis, MN. Population data was used for generating the origin locations of consumer's requests. The dataset consisted of 120 restaurants (i.e. service providers) in the city of Minneapolis.
The following procedure was used by the simulator to generate the supply and demand: First, providers' service rates were generated using a random number that was uniformly distributed over the range [rmin, rmax] . Then, given a value for the supply-demand ratio sdr to simulate, we generated a number of consumer requests per hour such that total supply per hour (i.e.
|P |
i=1 r i ) total number of requests in that hour = sdr, where | P | is the set of all service providers. To select the origin locations of the requests, the number of requests generated at each node in the network was proportional to the ratio of that node population to the total city population. Experiments simulated 10 hours of operation assuming 5 lunch hours and 5 dinner hours for each restaurant. The locations of the requests during the lunch hours were generated in proportion to the day population of the nodes, while the locations of the dinner requests were proportional to the night population. Consumers' maximum acceptable travel distances and maximum acceptable waiting times before service were also generated using random numbers that were uniformly distributed over the ranges [dmin, dmax] and [wmin, wmax] respectively. The arrival time of each request generated in a given hour was also uniformly distributed over that hour duration. The experiments were performed using the road network provided by the Minnesota Department of Transportation [1] , and U.S. Census population data.
The default parameter values were as follows: K = 3, ttimeout = 2 min, rmin = 5 requests/hr, rmax = 15 requests/hr, dmin = 4000 m and dmax = 12000 m, wmin = 5 min, wmax = 15 min and lG = 100 m, unless stated otherwise. Experiments were run on a machine with an Intel Xeon Quad Core 3.00 GHz processor and 64 GB RAM.
Experimental Results
To evaluate the effect of the supply-demand ratio on the performance of the different heuristics we ran our simulation for the sdr values of 0.1 (supply << demand), 1 (supply ≈ demand), 10 (supply >> demand) and 50 (supply extremely exceeds demand). For each value, the generated supply was fixed and the number of generated requests varied as shown in Table 2 .
Percentage of matched requests: Figure 2a shows the effect of sdr on the percentage of matched requests. At small sdr value (i.e. 0.1), most of the requests could not be matched since the demand is much larger than the available supply. As sdr increases the percentage of matched requests increases. For balanced supply and demand (sdr=1), the LAF and LCF heuristics outperform all other heuristics. The reason is that by engaging more service providers these heuristics are able to make the most efficient use of the available supply and thus can serve a larger number of requests. Although at sdr=1, all requests can be theoretically matched, if consumers provide small acceptable travel distance and waiting time as constraints, the broker might still not be able to match their requests. Below LAF and LCF, we can see the broker-centric LLEP heuristic since its focus was to maximize the future match size. For larger sdr values, all heuristics had a high and comparable performance since supply greatly exceeds demand and many requests can be easily matched.
Percentage of matched providers: Figure 2b shows the effect of sdr on the percentage of matched providers. It can be seen that as supply exceeds demand (i.e. larger sdr values), the percentage of matched providers decreases for almost all heuristics except for LAF, which is able to engage 100% of the service providers even with a demand that is much lower than the available supply. However, due to the small available demand, these matched providers will only be using a small service capacity and may thus reduce their labor cost (e.g. by using a smaller number of waiters).
Average no. of assigned requests per provider : Figure 2c shows the effect of sdr on the average number of assigned requests per provider. As sdr increases, a fixed supply is maintained but the number of generated consumer requests decreases. Thus, the average number of assigned requests per provider also decreases. At balanced supply and demand, we notice that LAF and LCF assign a larger number of requests per provider since they aim to balance provider selection based on providers' previous number of requests. Another observation is that at sdr = 0.1, the average number of assigned requests per provider for all heuristics is much lower than the average number shown in Table 2 for sdr = 0.1. The reason is that at sdr = 0.1 the demand greatly exceeds the supply and thus many requests have not been matched. However, as sdr increases, most of the demand is being met and thus the average number of assigned requests per provider for larger sdr values exceeds the average values in Table 2 . The reason is that, for this experiment, a single request is matched with K=3 providers rather than a single provider which increases the average number of matched requests per provider.
Standard deviation of assigned requests per provider : Figure 2d shows the effect of sdr on the standard deviation of the assigned requests per provider. At sdr = 0.1, all heuristics had a large and comparable standard deviation value due to the large demand which can be concentrated in more populated regions resulting in some providers being assigned much more often than other providers. As fixing supply and varying demand) . The number of total consumer requests (i.e. demand) corresponding to each sdr value is shown in Table 2 .
sdr increases, we notice a consistently smaller standard deviation with LAF than with other heuristics due to its focus on balancing assignments between different providers. At sdr = 1, LCF also achieves a better balance compared to the other heuristics since it gives higher priority to service providers that have been least considered as candidate matches. However, when supply greatly exceeds demand (i.e. sdr = 10 and sdr = 50), we can see that LCF does not achieve a good balance as compared to the other heuristics since with a small number of requests (i.e. small demand) many providers may have been considered as candidates before but still have never been matched due to the limited demand. Hence, those providers will always be missed by LCF when matching consumer requests. We can also see that as sdr increases and consequently the number of requests decreases (assuming fixed supply), the standard deviation generally decreases. This is because with a small number of requests, only a few requests, if any, are assigned to each provider and thus only a small difference can occur between these small number of assigned requests.
CONCLUSION AND FUTURE WORK
This work explored the problem of On-demand Spatial Service Propositions (OSSP) where an on-demand spatial service broker aims to maximize the number of matched consumer requests while keeping the eco-system functioning by engaging a large number of service providers and balancing their consumer assignments. We proposed a heuristicbased greedy matching approach with a new category of service provider-centric heuristics for increasing the number of matched service providers while meeting the conflicting requirements of the broker, consumers and service providers. We evaluated our approach using synthetic datasets with real-world characteristics. Experimental results show that our "Least Accepted First" and "Least Candidate First" heuristics achieve the largest number of matched consumer requests when the available supply and demand are balanced. For scenarios where the available supply exceeds demand, the "Least Accepted First" heuristic results in the largest number of matched service providers and achieves the best balance in the number of assigned requests per provider, thus allowing the eco-system to stay alive during periods of high supply-demand ratio. In the future, we plan to extend OSSP to allow mobile service providers and incorporate consumer ratings into the matching process. We also plan to explore how the broker can adapt to spatio-temporal variations in market conditions and the evolving behavior of consumers and service providers. Finally, we plan to model the variation in profit across different types of consumer requests.
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